Purpose of review Mathematical modeling approaches have brought important contributions to the study of pathogen spread in healthcare settings over the last 20 years. Here, we conduct a comprehensive systematic review of mathematical models of disease transmission in healthcare settings and assess the application of contact and patient transfer network data over time and their impact on our understanding of transmission dynamics of infections.
INTRODUCTION
Despite advances in biology and medicine, the burden of healthcare-associated infections (HAIs) has increased over the last decades [1] . Indeed, HAIs are the most frequent adverse event in health-delivery settings affecting up to one in three patients in ICU in developed countries [1] . The associated costs are estimated to be seven billion euros in Europe, and approximately six and a half billion dollars in the US [2] [3] [4] , where 722 000 HAIs occur yearly in acute-care hospitals, resulting in 75 000 deaths [5] .
The HAI burden stems notably from the emergence and spread of virulent infectious agents. Multidrug-resistant bacteria such as methicillinresistant Staphylococcus aureus (MRSA) and carbapenemase-producing Enterobacteriaceae (CPE), and viruses such as influenza, severe acute respiratory syndrome (SARS), Middle East respiratory syndrome coronavirus (MERS-CoV) and Ebola have become of concern for public health authorities in most countries [1] . Prevention measures such as hand hygiene, isolation, antibiotic restrictions, staff cohorting, and surveillance may significantly impact HAI rates, decreasing in particular MRSA and Clostridium difficile incidence by more than 70% [5] .
Mathematical models have provided a theoretical framework for understanding complex transmission dynamics within healthcare settings for over 15 years [6] [7] [8] [9] . Furthermore, they provide a quantitative approach to estimating the impact of various infection control strategies and their combined effects [6, 7, 9, 10] .
Over recent years, detailed data informing on the interactions between patients and healthcare workers (HCWs) or patient transfers within and between healthcare settings have been integrated in such models. Patients transfers between hospitals have been increasingly studied [11] , as well as data on contacts between patients and HCWs, in particular, digital trace measuring face-to-face proximity [12, 13] or individual movements [14] .
Here, we conduct a systematic review of mathematical models in healthcare settings using such real data on networks within institutions and between institutions. We present an overview of the methodological specificities related to the integration of network data in the different modeling studies and we study how they may improve our understanding and predictive capacity of HAI spread in healthcare settings.
METHODS
We conducted a systematic search in three different databases: MEDLINE (1946 to present), Web of Science Core Collection (1956 to present), and Institute of Electrical and Electronic Engineers (IEEE) Xplore Digital Library (1893 to present). Results included all articles published until 26 January 2017, the final day of the search. All results from the search query were independently screened by two reviewers for inclusion criteria eligibility and selection after review of titles, abstracts, and then full texts. Query structure, inclusion and exclusion criteria can be found in Appendix 1 and 2, http:// links.lww.com/COID/A20.
We defined four lists to classify our selection results:
(1) L: all studies meeting our first two inclusion criteria comprising of all mechanistic models of pathogen transmission within healthcare settings. We use the term 'HAI' in a generic and inclusive way to encompass multidrugresistant organisms such as MRSA, ESBL (extendedspectrum beta-lactamases) producers, influenza, and VRE (vacomycin-resistant enterococci) among other pathogens. 
KEY POINTS
Mathematical models of infections in healthcare settings have become more frequent over the years.
Increasing trends of models based on real data on networks of individuals or facilities are due to perceived usefulness as tools for infection prevention and control, increased availability of digitalized medical records or surveys, and development of sensor technology
The range of pathogens, settings, and situations explored by these models remains to this day highly restrictive which may reflect limited data availability, historical importance of certain infections (i.e., MRSA), and high-risk HAI settings that require more intensive HCW training and precautions (i.e., ICUs).
The main contributions of models in terms of using real data on networks are to develop more innovative and realistic HAI control strategies and to better understanding the impact of social networks on HAI spread.
DEFINITIONS
Compartmental model: a model where a population is subdivided into groups corresponding to a status. For example, the susceptible-infected-recovered model is a basic compartmental model composed of three groups of people with the following status: susceptible, infected, and recovered. Each compartment contains a certain number of people from the population presenting the status.
Agent-based model: rather than grouping people in a compartment in terms of their status, the agent-based model studies each individual separately. These models commonly study the connections between individuals (patients and/or HCWs) with each other in terms of a shared environment (ward, room) or through their contacts (direct, indirect).
Deterministic model: a model in which the output is fully determined by the initial conditions and parameter values (usually a compartmental model formulated using differential equations).
Stochastic model: a model including inherent randomness, in which, for a given set of initial conditions and parameter values, an output distribution is provided to account for uncertainty in predictions (often used for small populations in which random fluctuations are important).
Social network: a network with components and links, and within the scope of our review, they are either contact networks of healthcare workers (nurses, physicians and so on) and patients or of hospitals that are linked by their patient transfers.
Social network analysis: in the case of our review, it is the assessment of the contacts or healthcare system structures which can help identify 'super-spreaders' that are highly linked and have the most potential to spread disease in the network.
(4) L 3 : all studies from list L that incorporate explicit contact or transfer network structure in healthcare settings without real data.
All studies using real data (L 1 and L 2 ) were analyzed regarding various characteristics such as pathogen studied, data sources, and model parameters. We also compared L 1 and L 2 models characteristics with L models characteristics using Fisher exact and x 2 statistical tests.
RESULTS
Our search retrieved a total of 5653 distinct records from the three databases ( Fig. 1 
Publication trends
Publication of mathematical models of pathogen spread in healthcare settings has greatly increased in recent years ( Fig. 2 ; P < 10 À11 , Spearman's rank correlation). The first models including real network data were published in 2002 and used directly observed within-hospital data on inter-individuals contacts [31, 34] ; the first model including data on interfacility transfers was published in 2007 [47] .
From these first publications on, the number of yearly published L 1 (P ¼ 0.03, Spearman's rank correlation) and L 2 (P ¼ 0.02, Spearman's rank correlation) models have been increasing. Overall, since 2002, L 1 and L 2 models represent 27% of L models, with an increasing portion of L 2 models (Suppl Figure 1 , http://links.lww.com/COID/A20).
Pathogens studied and epidemic situations
MRSA was the most studied pathogen in L 1 and L 2 models (44.1%) followed by: influenza (13.6%), vancomycin-resistant Enterococci spp. (8.5%), HAIs in general (8.5%), C. difficile (5.1%) and carbapenemase-producing Enterobacteriaceae (5.1%; Fig. 3 ). Number of mathematical models of healthcareassociated infections spread in healthcare settings published over time. The total of all models published (L, in red), those using real contact data (L 1 , in green), those using real transfer data (L 2 , in purple), and those focusing on the impact of social networks without real data (L 3 , in blue) are depicted. The distribution of pathogens studied in L 1 and L 2 models did not differ significantly from that observed in all models (P ¼ 0.09, Fisher exact test).
In general, L 1 and L 2 models either simulated outbreaks of these pathogens in a susceptible population or assessed the impact of long-term infection prevention and control on the ongoing epidemic of prevalent HAIs.
Healthcare settings
Out of 54 L 1 and L 2 models, 49 (91%) took place in acute-care settings (Table 1a 
Data sources
All transfer data were collected using electronic patient records such as national medical and surveillance registers [43, 53, 54] , hospital discharge summaries [45, [47] [48] [49] 51, 60, 62, 65] , or insurance databases [58] . Data used to collect the contact patterns between patients and HCWs came from four main sources: shadowing -direct observation of interactions between patients and HCWs, surveys, medical records, and individual wireless proximity sensors recording the identity of other sensors located in a close area. Historically, between 2002 and 2006, shadowing was the first source of data on contact networks in healthcare settings (Fig. 4) [20, 31, 32, 34, 37] . During the period 2007-2011, new methods of contact data collection appeared such as medical records [19, 25, 28] Types of models L 1 and L 2 models were mostly agent based, rather than compartmental (43 vs. 12 models), and stochastic, rather than deterministic (53 vs. 4 models) [39] . These were significant differences with L models (P < 10
Model objectives L 1 and L 2 models all aimed at either assessing control interventions or better understanding HAI spread and the impact of social networks. Inclusion of data on social networks allowed simulating more innovative and realistic infection prevention and control strategies, including heterogeneous 
Parameter estimations and model cross-validation
Around 17% of L 1 or L 2 studies included model parameter estimation using observed infection or colonization data, rather than simple calibration or using values from the literature. Model predictions were rarely cross validated with independent datasets (eight publications overall). In these aspects, L 1 and L 2 models did not differ from L models in general.
DISCUSSION
Mathematical models of infections in healthcare settings have become more frequent over the years. This increase may be because of multiple factors including perceived usefulness of models as tools for understanding the impact of infection prevention and control in the health field, for understanding drivers of recent major epidemics such as the 2002-2003 SARS outbreak [15, 78, 91, 92] [96] . In parallel, increased availability of digitalized medical records or surveys, and development of sensor technology to monitor interindividual contacts provide researchers with the means to build more realistic models.
Review scope and limitations
In this systematic review, we conducted an exhaustive search of articles studying pathogen spread in healthcare settings through mathematical modeling. Using complementary databases (PubMed, Web of Science, and IEEE Xplore Digital Library) was important and necessary to find the articles analyzed in this review.
However, this review was subject to some limitations. Given that the scope of this review involves both health sciences and computational biology, we could have included more databases in the computer science field. In addition, we only considered publications in English and French, which may have limited the variety of country settings. Statistical models were excluded because they did not meet the objective of the review; however, these models may also improve the understanding of transmission dynamics of pathogen spread in healthcare settings.
Main results of the review and implications for future work
Several points which have been raised by our review may lead to recommendations for future modeling work. The range of pathogens, settings, and situations explored by models based on real data on networks of individuals or facilities remains to this day highly restrictive. Hence, the increased realism in the description of social networks is counterbalanced by the current limitations in the range of investigated questions.
First, 80% of L 1 /L 2 models were set in a four developed countries (the US, UK, the Netherlands, and France), while L models considered a wider variety of countries (Suppl Figure 2 , http://links. lww.com/COID/A20). This can be explained by their use of more advanced data management technologies, resulting in a better availability of relevant data, as well as by the presence of a very active community of modelers. However, HAIs also represent a major issue in developing countries, FIGURE 4 . Contact data collection sources in models using real contact data (L 1 ): changes over time.
mainly due to high antimicrobial resistance levels and difficulties to afford second-line treatments [97] . Future work should take these settings into account.
Second, the most studied pathogen was MRSA, followed distantly by influenza, HAIs in general and vancomycin-resistant enterococci. Although this was true of all models of HAI spread, the domination of MRSA was even stronger in models incorporating data on observed networks. This may be explained by the large amount of available epidemiological data on MRSA in healthcare settings, reflecting the historical importance of MRSA in HAIs. In addition, data on MRSA carriage are easily collected from nasal or other surveillance swabs, while other pathogens such as Enterobacteriaceae require rectal swabs, which can be more difficult to obtain. Although MRSA has indeed represented a major threat over the last decades, the incidence of MRSA infections currently seems to be declining in most developed countries, [97] yet other multiresistant bacteria such as ESBL-producing Enterobacteriaceae become more prevalent [98, 99] . Future models should definitely consider a wider range of pathogens.
Third, the vast majority of L 1 and L 2 models were set in acute-care settings, with most ward-level descriptions taking place in ICUs. ICUs are frequently modeled because of their high risk of HAIs, raised by a high number of invasive procedures in critical-state patients, and require well informed recommendations regarding control interventions. Consequently, research funding in ICUs is more prevalent and both data collection and implementation of control interventions are facilitated by better informed ICU HCWs compared with other wards. However, HAIs are also an issue in other types of hospital wards, in which lower HCW-to-patient ratios and decreased risk awareness may lead to HAI outbreaks. On the health systems-level, the majority of L 2 models described networks of hospitals linked by their shared patients; only a few recreated transfer networks between the wards of a given hospital to study how the impact of infection prevention and control interventions may vary depending on hospital ward specialties [46, 51] . Intrahospital spread has been shown to be one of the major reasons for transmission of SARS in Toronto, Canada, and Taiwan and MERS-CoV in Alhasa, Saudi Arabia, and Korea [100] [101] [102] . Future research should attempt to include ward-level modeling as it provides more specific and realistic patients and HCW interactions that are overlooked when modeling at the hospital level, and take into account wards other than ICUs.
Additionally, models of HAI spread in settings outside acute-care should be developed. For instance, the importance of nursing homes in the overall spread of HAIs has been underlined. Factors such as long length-of-stay of nursing home residents have been shown to play an important role in both driving sustained endemics of infections and increasing the risk of epidemics in entire healthcare networks [44 && ,60,63] . Similarly, the impact of transmission in [28] or readmission from [47] community settings on HAI transmission in healthcare settings is rarely assessed among models using real data. Research should focus on modeling nursing home and community settings with collected data to better understand the complexity of interactions within healthcare networks and their impact on transmission dynamics in healthcare settings.
Another important issue is the inclusion of observed colonization or infection data in modeling works to calibrate or validate model predictions. Although models incorporating data on interindividual contacts or patient transfers are more likely to have access to patient medical records or disease status from HCWs, parameter estimation and model validation using colonization or infection data remains rare overall. A major objective of future research should be to include observed infection or carriage data collected simultaneously with the network data, among the same individuals. Another benefit of simultaneously collecting contact or transfer data and infection data would be the possibility of assessing the pertinence of network data to help predict HAI spread. Indeed, although most published models using network data implicitly assume that interindividual contact and/or interfacility patient transfer networks drive HAI spread, other factors may impact pathogen diffusion in healthcare settings. Depending on the involved pathogen, environmental contamination for instance may play a major part. It is therefore of the utmost importance to further investigate what portion of the pathogen-specific diffusion risk may be explained by network data [24] .
CONCLUSION
Our review assessed the use of contact and transfer network data in models over time and its impact on understanding infection transmission dynamics in healthcare settings. Models incorporating such data were limited to a small number of countries, settings, and pathogens, while there is a steady emergence of network graphs to study the contact and structure of patient movement and interactions with HCWs. These models give new insights into more effective HAI prevention and control strategies in both endemic and epidemic situations. Further innovations in data collection and use in modeling In this study, hand hygiene comliance and contact precautions are evaluated using a Ross-Macdonald model to describe the transmission and control of CRE in an ICU. The authors estimated the parameters including the per capita contact rate, probability of HCW colonization (with and without contact precuations), and HCW compliance to control measures from the ICU's observed collected data.
42.
&
Vanhems P, Von Raesfeldt R, Ecochard R, Voirin N. Emergence of Ebola virus disease in a french acute care setting: a simulation study based on documented inter-individual contacts. Sci Rep 2016; 6:36301. The authors model the potential Ebola virus emergence in a hospital ward in a nonoutbreak context. In addition, the authors collected contact sensor data to paramerize the transmission between patients and HCWs and showed that nurses are at highest risk for nosocomial Ebola virus disease.
43. Ciccolini M, Donker T, Grundmann H, et al. Efficient surveillance for healthcare-associated infections spreading between hospitals. Proc Natl Acad Sci U S A 2014; 111:2271-2276.
